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ABSTRACT

MobiVis is a visual analytics tools to aid in the process of process- ©:
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ing and understanding complex relational data, such as social net-|
works. At the core of these tools is the ability to filter complex net- |:
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works structurally and semantically, which helps us discover clus- -
ters and patterns in the organization of social networks. Semantic --.
filtering is obtained via an ontology graph, based on another visual |-
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analytics tool, called OntoVis. In this summary, we describe how .

0 calls borh way

these tools where used to analyze one of the mini-challenges of the/ csme
2008 VAST challenge. o
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1 OVERVIEW OF THE TOOLS °

Our visual analytics tools is a combination of two tools into a single
visualization. MobiVis is a visual analytics system designed for ex-
ploration and discovery of mobile data [1]. To aid in understanding
complex relationships in these networks, MobiVis allows users to

apply semantic and temporal filtering, via the interactive timechart | . %_ —
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and an ontology graph (OntoVis).
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1.1 Ontology Graph Vs

The ontology graph, shown in Fig. 1 on the top right corner, is a
high-level graph that represents the different entity types and their Figure 1: Overview of MobiVis. The central view provides a force-
relationships. These entities are obtained automatically (e.g., from directed layout of cell phones, where a link indicates communication
each attribute in the data), or user-defined depending on the task abetween them. The upper right corner shows the ontology graph,
hand. In our case, we derive entities such as people, cell tower andwhich allows the user to highlight entity types of interest, such as
calls. The ontology graph then enables the user to apply semanticpeople, calls and cell towers. The bottom view shows the interactive
filters on the data, and define association rules between disparatdime chart, where color boxes denote time periods of activity.
entities. This capability is an extension of the semantic filtering
capabilities of another of our visual analytics tools, OntoVis [2].

network. Fig. 1 shows an structural abstraction after considering
1.2 Temporal Filtering via an Interactive Timechart only second degree of separation from a given node of interest. This
apability proves to be very useful when analysts have leads to fol-

Since a cell phone networks can be characterized as spatio-tempor ow.

social networks, providing the temporal information is important.
We use 2D time charts to define different time scales and colors de-
noting a certain attribute. In the example shown in Fig. 1 (bottom),
the timechart shows daily and hourly activity of a given person of One of the capabilities of MobiVis is semantic filtering. This is
interest. It shows, for example, repeating patterns or anomalies in done via an ontology graph, which is a high-level graph that en-
the behavior. In this example, we notice a change in behavior after codes the different entity types and relationships among them in
a day of complete “silence”. The interactive timechart allows the the data. For example, mobile phone data can be characterized by

2.2 Discovery via Semantic Associations

analyst to observe the social network in any given interval. person, calls, cell towers, duration and time, among other possi-
ble criteria. MobiVis allows us to select different association rules
2 VISUAL ANALYTICS PROCESS and display the social actors that satisfy those rules. Fig. 2 shows

several association rules for a subset of the VAST challenge data
. i i . set. These rules specify the calls made to two particular cell phones
MobiVis allows the analyst to obtain a quick glance of the entire (jgentifiers 200 and 300), shown in orange, and the association of
data set, both spatially and temporally. Unfortunately, complex net- people (blue nodes) to the cell towers they used when making a call
allows us to consider connectivity and node degree to condense theyf interest, which otherwise could not be obtained by looking at

each call in isolation.

2.1 Overview via Structural Abstraction
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2.3 Temporal Filtering and Details on Demand

One of the advantages of MobiVis is the ability to look at large
heterogeneous cell phone data via simple abstractions. However,
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a period in time may be difficult to visualize. One way to visual-

ize particular call behavior is done with the interactive time chart,
as shown in Fig. 1. Selecting a particular time period allows the
analyst to filter the data temporally.
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Figure 4: A different layout for the call graph, where nodes are placed

in a circular layout. Links indicate calls (where direction is encoded
We can also improve the temporal filtering wittall graphs as a color gradient from red to green). Although call graphs are diffi-

which represent calls and people in a two-dimensional plot. An ex- cult to follow for a complete data set, they provide additional detailed

ample is shown in Fig. 3. Here, each person generates a time line,information when the analyst has detected entities of interest. Here,

and links are created for every call made between any pair. We canwe show two states of the call graph at two different stages. Similar

see an almost uniform pattern for every single day. Call graphs help patterns where found on nodes that where believed to be linked.

us visualize the call behavior of specific people (shown in different

colors), and allows us to discover salient changes in their commu-

nication patterns. For example, it becomes evident that some actorsgle person and progressively refine ou_r'ﬂndlngs. However, It tirne
stopped communicating after day 7. We also tried different layouts 2Ut [0 b€ the product of several repetitions, from an overview, us-
for the call graphs, such as radially (Fig. 4). ing str_uctural_and semantic abst_ractlon_, down to the_call dlstrlbut_lon
over time, using call graphs. This detailed information (after being
filtered and abstracted) was useful for two purposes. It validates

. . . ) some of the findings done at the higher level, but also opens up
An important aspect of the analytics process is that, after interpret- qestions for further inquiry. Repeating the cycle with new leads

ing the details found in the discovery stage, an analyst can form new regyjted in a more complete understanding of the entire data. We
hypothesis and ask new questions about the data. In this examplegypect to make the transition from high-level abstractions, such as
there seems to be an interesting event around day 8, when the acye ones provided by MobiVis, to detailed information (i.e. call
tors of interest stopped talking for the most part. This provides new graphs) more transparent. We believe that this will be critical for
leads that can feed into the process of discovery via new semanticthe analysts to provide correct interpretations of their findings.

and temporal abstractions. Once the analyst finds other actors of in- \1opiVis and OntoVis prove to be important tools for analyzing
terest, he/she can visualize the detailed sequence of calls in the cal|arge heterogeneous relational data. The VAST 2008 challenge data
graph and begin formulating hypothesis about the new findings. For set'is 3 good example where brute-force approaches provide little
example, Fig. 4 shows what seems to be a similar pattern of calls in ysefy| information, and semantic and structural abstraction is criti-
two different days, for two different sets of phones. With the new ¢4 "1t also provides interesting changes over time that can be dis-

leads, a new structural abstraction can be created that reveals thgoyered with cyclic analysis and easy access to detail information,
overall relationship between these entities. via interactive call graphs.

2.4 Cyclic Discovery
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